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Abstract

Deep Neural Networks (DNNs) are known to be brittle to even minor distribution
shifts compared to the training distribution. While one line of work has demon-
strated that Simplicity Bias (SB) of DNNs – bias towards learning only the simplest
features – is a key reason for this brittleness, another recent line of work has sur-
prisingly found that diverse/ complex features are indeed learned by the backbone,
and their brittleness is due to the linear classification head relying primarily on the
simplest features. To bridge the gap between these two lines of work, we first hy-
pothesize and verify that while SB may not altogether preclude learning complex
features, it amplifies simpler features over complex ones. Namely, simple features
are replicated several times in the learned representations while complex features
might not be replicated. This phenomenon, we term Feature Replication Hypothe-
sis, coupled with the Implicit Bias of SGD to converge to maximum margin solu-
tions in the feature space, leads the models to rely mostly on the simple features for
classification. To mitigate this bias, we propose Feature Reconstruction Regular-
izer (FRR) to ensure that the learned features can be reconstructed back from the
logits. The use of FRR in linear layer training (FRR-L) encourages the use of more
diverse features for classification. We further propose to finetune the full network
by freezing the weights of the linear layer trained using FRR-L, to refine the learned
features, making them more suitable for classification. Using the proposed ap-
proach, we demonstrate noteworthy gains on synthetic/ semi-synthetic datasets, and
outperform existing SOTA on the standard OOD benchmark DomainBed as well.

1 Introduction

DNNs are brittle against even minor shifts in the data distribution during inference, which are not
uncommon in a real world setting [1, 2]. In this work, we aim to tackle the problem of Out-Of-
Distribution (OOD) generalization of Neural Networks in a covariate-shift [3] based classification
setting, by addressing the fundamental cause of their brittleness, rather than by explicitly enforcing
invariances in the network using domain labels or data augmentations. More specifically, we aim to
mitigate the issue of Simplicity Bias, which is the tendency of Stochastic Gradient Descent (SGD)
based solutions to overly rely on simple features alone, rather than on a diverse set of features [4, 5].
While this behavior was earlier used to explain the remarkable generalization of Deep Networks,
recent works suggest that this is indeed a key reason behind their brittleness to domain shifts [6].

The extent of Simplicity Bias seen in models is a result of two important factors - diversity of features
learned by the feature extractor, and the extent to which these diverse features are used for the task at
hand, such as classification. Recent works suggest that generalization to distribution shifts can be
improved by retraining the last layer alone, indicating that the features learned may already be good

∗Equal Contribution. Correspondence to {sravantia, anshulnasery}@google.com

Workshop on Distribution Shifts, 36th Conference on Neural Information Processing Systems (NeurIPS 2022).



enough for the same [7, 8]. Does this imply that brittleness of models can be attributed to the learning
of the classification head alone? If this is the case, why does SGD fail to utilize these diverse features
despite its Implicit Bias to converge to a maximum margin solution in a linearly separable case [9]?
To answer these questions, we firstly hypothesize and empirically verify that Simplicity Bias leads to
the learning of simple features over and over again, as compared to other, more complex features.
For example, among the 512 penultimate layer features of a ResNet, 462 of them might capture a
simple feature such as color, while the remaining 50 might capture a more complex feature such as
shape – we refer to this as (Simple) Feature Replication Hypothesis. Assuming feature replication
hypothesis, we further show theoretically and empirically that a maximum margin classifier in the
replicated feature space would give much higher importance to the replicated feature when compared
to others, highlighting why the linear layer relies more on simpler features for classification.

To mitigate this, we propose a novel regularizer termed Feature Reconstruction Regularizer (FRR),
to enforce that the features learned by the network can be reconstructed back from the logit or pre-
softmax layer used for the classification task. As shown in Fig.1, we firstly propose to train the
linear classifier alone by freezing the weights of the feature extractor. This formulation enables the
learning of an Invertible Mapping in the output layer, specifically for the domain of features seen
during training. This further allows the logit layer to act as an information bottleneck, encouraging
all the factors of variation in the features to be utilized for the classification task, thereby improving
the diversity of features used. We theoretically show that adding this constraint while finetuning
the linear layer can learn a max-margin classifier in the original input space, disregarding feature
replication. Consequently, the learnt linear classifier also gives more importance to non replicated
complex features while making predictions. We further explore the possibility of improving the
quality of features learned by the feature extractor, by using FRR for finetuning the backbone as well.
In order to do this, we freeze the linear classification head, and further finetune the backbone with
FRR. We find that this encourages the network to indeed learn better quality features that are more
relevant for classification. We list the key contributions of this work below -

� Key Observation: We provide a crisp hypothesis of “feature replication” to explain the brittleness
of ERM trained neural networks to OOD data (Sec 2). Using this, we provide theoretical and
empirical evidence to justify the existence of Simplicity Bias in max margin classifiers (Sec 2.2).

� Novel Algorithm based on the Observation: Based on this, we introduce a novel FRR regularizer
to safeguard against the feature replication phenomenon. Furthermore, we introduce a simple FRR-
L method to only regularize the linear head with FRR, and then introduce FRR-FLFT training
regimen to train the feature extractor for improved OOD robustness (Sec 2.1). We also provide
theoretical support for FRR in an intuitive data distribution setting (Sec 2.2).

� Empirical validation of the hypothesis and the proposed algorithm: We demonstrate the effec-
tiveness of FRR-FLFT and FRR-L by conducting extensive experiments on semi-real datasets
(Table 3) constructed to study OOD brittleness, as well as on standard OOD generalization bench-
marks, where FRR-FLFT can provide up to 3% gains over SOTA methods (Table 1).

2 Feature Replication Hypothesis and Feature Reconstruction Regularizer

Prior works have shown that neural networks trained with SGD exhibit simplicity bias (SB), even
when initialized with pre-trained models that can capture complex features. Our Feature Replication
Hypothesis – FRH– states that: SB is observed because the simpler features of the input are replicated
multiple times in the feature space of neural networks. When trained using SGD, the final linear layer
then learns the max margin classifier on these replicated features, which leads to over-reliance on
simpler features in the input. Hence, the outputs of the network are brittle to distribution shifts that
change such replicated features. In this section, we propose a new regularizer – FRR– to mitigate
this effect, and further provide empirical and theoretical evidence for FRH and FRR.

2.1 Method: Feature Reconstruction Regularizer (FRR)

To alleviate the simple feature replication issue, we propose Feature Reconstruction Regularizer
(FRR) to enforce that the learned features can be reconstructed from the output logits. We retrain
the final linear layer using this regularizer so that the model can utilize diverse features to compute
the final output. To implement this, we introduce another neural network with the objective of
reconstructing the features from the output logits, i.e. features f�(x) should be recoverable from the
predictions of the network through a transform T�(:) parameterized by � as shown below:

LFRR(x; �;W; �) = jjf�(x)� T�(WT f�(x))jjp (1)
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Figure 1: Our training procedure : Dotted
�ll indicates that the parameters are trainable.

Figure 2: (a) SVM vs. (b) FRR on a toy dataset
with 2 features. Y-axis feature is replicated 5 times.

wherejj :jjp denotes thèp norm. We set this norm to bè1 or `1 in our experiments. Note that in
order to �nd the appropriate� , we jointly optimizeW the weight matrix of the linear classi�er, and
� using gradient descent based optimizers.

Our training pipeline consists of three stages, as summarized in Fig 1 and Alg 1. We pretrain our
model using the standard cross entropy lossL std, which is followed by retraining only the �nal linear
(and reconstruction) layer using our proposed regularizerL FRR. Finally, we �x the linear layer and
�netune the backbone usingL FRR [10], to learn features which are more useful for classi�cation.

2.2 FRH & FRR: Empirical and Theoretical Analysis

Empirical Justi�cation: In order to empirically demonstrate feature replication, we consider a
binarized version of the coloured MNIST dataset [11] in Appendix B.2. We observe that ERM learns
more colour (simple) features than shape (complex) features, and the prediction is less correlated
with the shape features. We further empirically validateFRRon Coloured MNIST, where usingFRR
with the linear layer leads to lower correlation with Colour and higher correlation with shape when
compared to standard ERM (Table 2). Consequently, OOD accuracy improves by5%over ERM.

Theoretical Analysis: We now present a simple data distribution with feature replication that
highlights the OOD brittleness of standard ERM, and also demonstrates the effectiveness of FRR.

Data Distribution : Consider a linearly separable distribution consisting of two factors of variation
as shown in Figure 2. That is, consider the following distribution(x; y) � D , where,

y = � 1 with probability0:5; x = [ y; y] + [ n1; n2] 2 R2; ni � Unif[� 0:5; 0:5]; i 2 [2]: (2)

Also consider a feature extractorf � (:) which captures feature replication in the �rst feature, i.e. for
every data point(x; y), the new, feature replicated data point will be(~x; y), where,

f � (x) = ~x = [ x1; � � � ; x1; x2] 2 Rd+1 ; (3)

i.e., x1 is repeatedd times. The joint distribution of features and labels is denoted by~D. Finally,
we de�ne thel2 max margin classi�er over a distributionD aswMM := arg min w

1
2 kwk2

2 subject to
y � hw; xi � 1 8 (x; y) 2 Supp(D). Then we have the following results:
Claim 2.1 (Brittleness due to Feature Replication). Consider the data distribution given in Equa-
tion 2, 3. Then, the following holds: (1.) The max-margin classi�erwMM overD is given bywMM =
[1; 1], and (2.) The max-margin classi�er~wMM over ~D is given by~wMM =

� 2
d+1 ; � � � ; 2

d+1

�
2 Rd+1 .

The above claim implies that when there are replicated features to the input of the linear layer, the
max-margin classi�er would give much more importance to the feature that is replicated. Hence,
even a minor change in this replicated feature in the input space would beampli�ed in the output of
the classi�er. This is especially concerning in light of the observations in Table 2, which validate the
Feature Replication Hypothesis in Coloured MNIST.

Proposition 2.2(Robustness of FRR). Denote the average feature reconstruction lossL FRR( ~w; ~� ) :=

max
1� i � d+1

E(~x;y ) � ~D

h
(h~w; ~xi ~� i � ~x i )2

i
and consider any( ~w� ; ~� � ) satisfying:

( ~w� ; ~� � ) 2 arg min
( ~w; ~� )

L FRR( ~w; ~� ) subject toy � h~w; ~xi � 0 8 (~x; y) 2 Supp
�

~D
�

:

We have that:~w�
1 + � � � + ~w�

d = ~w�
d+1 . Consequently, we haveh~w� ; ~xi / h wMM; xi for all x 2 R2.
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